Codon Optimality Is a Major Determinant of mRNA Stability  by Presnyak, Vladimir et al.
Article
Codon Optimality Is a Major Determinant of mRNA
StabilityGraphical AbstractHighlightsd Codon identity correlates with yeast mRNA half-lives
transcriptome wide
d Converting non-optimal codons to optimal codons increases
mRNA stability
d Codon optimality impacts translational elongation rate
d Proteins with related function are coordinated at the level of
optimal codon contentPresnyak et al., 2015, Cell 160, 1111–1124
March 12, 2015 ª2015 Elsevier Inc.
http://dx.doi.org/10.1016/j.cell.2015.02.029Authors
Vladimir Presnyak, Najwa Alhusaini, ...,
Brenton R. Graveley, Jeff Coller
Correspondence
jmc71@case.edu
In Brief
Codon usage impacts gene expression
both at the level of translation and mRNA
decay, with the balance between optimal
and non-optimal codons helping to fine-
tune levels of mRNAs and, ultimately,
proteins.Accession NumbersGSE57385
ArticleCodon Optimality Is a Major
Determinant of mRNA Stability
Vladimir Presnyak,1,5 Najwa Alhusaini,1,5 Ying-Hsin Chen,1,5 SophieMartin,1 NathanMorris,2 Nicholas Kline,1 Sara Olson,4
David Weinberg,3 Kristian E. Baker,1 Brenton R. Graveley,4 and Jeff Coller1,*
1Center for RNA Molecular Biology, Case Western Reserve University, Cleveland, OH 44106, USA
2Statistical Science Core in the Center for Clinical Investigation, Case Western Reserve University, Cleveland, OH 44106, USA
3Department of Cellular and Molecular Pharmacology, University of California, San Francisco, San Francisco, CA, 94158, USA
4Department of Genetics and Developmental Biology, Institute for Systems Genomics, University of Connecticut Health Center, Farmington,
CT 06030, USA
5Co-first author
*Correspondence: jmc71@case.edu
http://dx.doi.org/10.1016/j.cell.2015.02.029SUMMARY
mRNA degradation represents a critical regulated
step in gene expression. Although the major path-
ways in turnover have been identified, accounting
for disparate half-lives has been elusive. We show
that codon optimality is one feature that contributes
greatly to mRNA stability. Genome-wide RNA decay
analysis revealed that stable mRNAs are enriched
in codons designated optimal, whereas unstable
mRNAs contain predominately non-optimal codons.
Substitution of optimal codons with synonymous,
non-optimal codons results in dramatic mRNA
destabilization, whereas the converse substitution
significantly increases stability. Further, we demon-
strate that codon optimality impacts ribosome trans-
location, connecting the processes of translation
elongation and decay through codon optimality.
Finally, we show that optimal codon content ac-
counts for the similar stabilities observed in mRNAs
encoding proteins with coordinated physiological
function. This work demonstrates that codon optimi-
zation exists as a mechanism to finely tune levels of
mRNAs and, ultimately, proteins.
INTRODUCTION
Messenger RNA (mRNA) degradation plays a critical role in regu-
lating transcript levels in the cell and is a major control point for
modulating gene expression. Degradation of most mRNAs in
Saccharomyces cerevisiae is initiated by removal of the 30 poly(A)
tail (deadenylation), followed by cleavage of the 50 7mGpppN
cap (decapping) and exonucleolytic degradation of the mRNA
body in a 50-30 direction (Coller and Parker, 2004; Ghosh and
Jacobson, 2010). Despite being targeted by a common decay
pathway, turnover rates for individual yeast mRNAs differ
dramatically, with half-lives ranging from <1 min to 60 min or
greater (Coller and Parker, 2004). RNA features that influence
transcript stability have long been sought, and some sequenceand/or structural elements located within 50 and 30 UTRs have
been implicated in contributing to the decay of a subset of
mRNAs (Lee and Lykke-Andersen, 2013; Muhlrad and Parker,
1992; Geisberg et al., 2014). However, these features regulate
mRNA stability predominantly in a transcript-specific manner
through binding of regulatory factors and cannot account for
the wide variation in half-lives observed across the entire tran-
scriptome (Geisberg et al., 2014). Therefore, it seems likely that
additional and more general features that act to modulate tran-
script stability could exist within mRNAs.
We have previously shown that inclusion of a cluster of rare
arginine codons within the open reading frame (ORF) of a re-
porter mRNA dramatically enhanced its turnover (Hu et al.,
2009; Sweet et al., 2012). The mRNA destabilization caused
by rare codons was manifest in the enhancement of both dead-
enylation and decapping of the transcript. This effect was not
dependent on RNA surveillance pathways such as No-Go,
Nonsense-Mediated, or Non-Stop Decay (Shoemaker and
Green, 2012). The link between rare codons and enhanced
mRNA turnover rates of reporter mRNAs is consistent with earlier
observations for several endogenous transcripts in yeast (Capo-
nigro et al., 1993; Hoekema et al., 1987).
The rare codons used in our previous studies belong to a gen-
eral class of codons defined as non-optimal (Pechmann and
Frydman, 2013; dos Reis et al., 2004). Conceptually, codon opti-
mality is a scale that reflects the balance between the supply of
charged tRNA molecules in the cytoplasmic pool and the de-
mand of tRNA usage by translating ribosomes, representing a
measure of translation efficiency. Critically, optimal codons are
postulated to be decoded faster and more accurately by the
ribosome than non-optimal codons (Akashi, 1994; Drummond
and Wilke, 2008), which are hypothesized to slow translation
elongation (Novoa and Ribas de Pouplana, 2012; Tuller et al.,
2010). Therefore, codon optimality is hypothesized to play an
important role in modulation of translation elongation rates and
the kinetics of protein synthesis (Krisko et al., 2014; Novoa and
Ribas de Pouplana, 2012; Pechmann and Frydman, 2013; dos
Reis et al., 2004). In this work, we present four lines of evidence
in support of the finding that codon optimality has a broad
and powerful influence on mRNA stability in yeast cells. First,
global analysis of RNA decay rates reveals that mRNA half-lifeCell 160, 1111–1124, March 12, 2015 ª2015 Elsevier Inc. 1111
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Figure 1. Half-Lives Calculated from
Poly(A)+ versus Total mRNA Differ Signifi-
cantly
RNA-seq was performed on poly(A)+ and total
RNA libraries prepared from rpb1-1 transcriptional
shut-off experiments across a 60 min time course.
(A) All mRNAs with reliable half-lives in both li-
braries are plotted visually. Color intensity repre-
sents normalized mRNA remaining (time 0 is set to
100% for each mRNA).
(B) Half-life of each mRNA plotted as calculated
from total mRNA sequencing against the poly(A)
sequencing. Data points with a >2-fold difference
are highlighted in red.
(C) Overview of the distribution of half-lives for
both libraries.
See also Table S1.correlates with optimal codon content. Many stable mRNAs
demonstrate a strong preference toward the inclusion of optimal
codons within their coding regions, whereas many unstable
mRNAs harbor non-optimal codons. Second, we demonstrate
that substitution of optimal codons with synonymous, non-
optimal codons results in a dramatic destabilization of the
mRNA and that the converse replacement leads to a significant
increase in mRNA stability. Third, we experimentally demon-
strate an impact of codon optimality on ribosome translocation,
indicating that the effect on mRNA decay occurs through modu-
lation of mRNA translation elongation. These findings indicate
that transcript-specific translation elongation rate, as dictated
by codon usage, is an important determinant of mRNA stability.
Fourth, we observe tightly coordinated optimal codon content in
genes encoding proteins with common physiological function.
We hypothesize that this finding explains the previously1112 Cell 160, 1111–1124, March 12, 2015 ª2015 Elsevier Inc.observed similarity in mRNA decay rates
for these gene families. Taken together,
our data suggest that there is evolutionary
pressure on protein-coding regions to co-
ordinate gene expression at the level of
protein synthesis and mRNA decay.
RESULTS
Measuring global mRNA decay rates us-
ing methods that either enrich for polyA+
RNA from total RNA samples and/or
synthesize complementary DNA (cDNA)
using oligonucleotides annealed to the
poly(A) tail may fail to capture important
information for several reasons. Although
it is firmly established that deadenylation
is the rate-limiting step in mRNA turn-
over, we and others have observed that
specific mRNAs persist in cells as ‘‘sta-
ble’’ deadenylated species (Hu et al.,
2009; Muhlrad et al., 1995). For such
transcripts, decapping and subsequent
decay are delayed, and decapping be-comes the rate-defining step for mRNA degradation. Moreover,
some mRNAs may contain structures that impede poly(A) tail
function (Geisberg et al., 2014). Lastly, because the process of
deadenylation converts an mRNA species from one that can
be efficiently captured by oligo dT to one that cannot, the overall
level of information gained may vary with the level of poly(A)
enrichment achieved in the protocol used. With this in mind,
we sought to determine how prevalent these phenomena are
on a transcriptome-wide level. For this purpose, we performed
a time course after inactivation of RNA polymerase II (Nonet
et al., 1987). At each time point, libraries were prepared from
either oligo dT-selected mRNAs or rRNA-depleted whole-cell
RNA and subjected to Illumina sequencing (see Experimental
Procedures). This approach allowed us to compare poly(A)
half-lives (oligo dT) with total mRNA decay rates (rRNA depleted;
Figure 1A). Remarkably, the vast majority (92%) of transcripts for
which we could confidently calculate half-lives (3969) had longer
half-lives when the rRNA depleted libraries were analyzed rela-
tive to the half-lives determined from poly(A)-selected libraries
(Figures 1B and 1C). It is important to note that not all of these
transcripts exist as deadenylated RNAs because mRNAs with
short poly(A) tails will not bind oligo dT. These data indicate
thatmRNA half-lives determined by oligo dT selection give highly
skewed values. For example, the ADH1 mRNA has a calculated
half-life of 4.2 min when determined from poly(A)-selected RNA
and a 31.7 min half-life when determined from rRNA-depleted
RNA (see Table S1 for complete list).
With this data in hand, we attempted to identify sequence mo-
tifs that might dictate stability or instability, without success.
Following up on previous observations that inclusion of ten
consecutive rare codons in the ORF of an otherwise stable
mRNA caused a dramatic decrease in stability (Hu et al., 2009;
Sweet et al., 2012), we inspected our transcriptome-wide
mRNA half-life data to determine whether codon content within
ORFs could affect mRNA stability. To do so, we determined
whether mRNAs enriched in any individual codon demonstrated
greater or lesser stability. We defined mRNAs as stable if they
have a half-life greater than 2-fold longer than the average
(20 min) and unstable if they have a half-life less than half of
the average (5 min). For each codon, we calculated a correla-
tion between the frequency of occurrence of that codon in
mRNAs and the stabilities of the mRNAs. Occurrences of a
codon were compared to the half-life for each mRNA, and a
Pearson correlation calculation was used to generate an R value
(graphically represented for sample codons in Figure S1E). We
refer to this metric as the codon occurrence to mRNA stability
correlation coefficient (CSC). The CSC values for all codons
were then compared to each other (Figure 2A). Strikingly, it
was observed that some codons preferentially occurred in
stable mRNAs, whereas others occurred preferentially in unsta-
ble mRNAs (overall p value = 1.496e14, permutation p value <
104). For example, the GCT alanine codon was highly enriched
in stable transcripts as defined by our RNA-seq analysis,
whereas its synonymous codons, GCG andGCA, were preferen-
tially present in unstable transcripts (Figure 2A). Approximately
one-third of all codon triplets were over-represented in
stable mRNAs, whereas the remaining two-thirds appeared to
predominate in unstable mRNAs. As a consequence of the large
data set and significance of the observed correlation, these data
strongly suggest that codon usage influences mRNA degrada-
tion rates.
For decades, a large body of literature has hypothesized that
some codons may be translated more efficiently than others.
dos Reis et al., 2004 laid out ameasure of how efficiently a codon
would be translated and termed it the tRNA Adaptive Index (tAI).
This metric is meant to reflect the efficiency of tRNA usage by the
ribosome. The term codon optimality has been introduced in an
attempt to define the differential recognition of codons by the
translational apparatus (Zhou et al., 2009; Pechmann and Fryd-
man, 2013). Frydman and colleagues generally defined any
codon with a tAI above 0.47 as optimal and any codon with a
tAI below 0.47 as non-optimal (Pechmann and Frydman, 2013;
Figure 2B). Their final designation of codons also takes into ac-
count the over- and under-representation of certain codons inthe genome, known as codon bias (Figure 2B, marked with an
asterisk [*]; Zhou et al., 2009; Pechmann and Frydman, 2013).
As such, codon optimality is somewhat reflected in genomic
codon usage (Figure S1A); however, commonly occurring
codons can be optimal or non-optimal, whereas uncommon
codons can also be optimal or non-optimal (Figure S1B). Strik-
ingly, codons associated with stable or unstable mRNAs nearly
perfectly mirrored their assignment as optimal or non-optimal,
respectively (Figure 2C). Direct comparison between our CSC
metric and tAI revealed very good overall agreement between
these values (Figure 2D; R = 0.753, p value = 2.583e12, permu-
tation p-value < 104). Importantly, the relationship between
optimal codon content and mRNA half-life is independent of
themethod used to determine half-life. We repeated our analysis
of codon usage versus mRNA half-life using mRNA decay rates
obtained by Miller et al. (2011). In contrast to our own, these data
were obtained with a steady-state approach calculation using
metabolic labeling that minimally perturbs the cell and is
completely distinct from our method (Miller et al., 2011). Both
data sets show a similar and striking correlation between optimal
codon content and mRNA decay rate (Figures S1C and S1D).
To determine whether the codon optimality correlation was
possibly masking other features that might actually be deter-
mining mRNA half-life (e.g., sequence content, GC percentage,
or secondary structure), we reanalyzed our data after computa-
tionally introducing +1 and +2 frameshifts. In the analysis
of these frameshifted ORFs, the correlation between codon
content and stability completely disappears, thus eliminating
other variables as determinative (Figure 2E; R =0.127, p value =
0.3303, permutation p value = 0.8847, and Figure 2F; R =
0.288, p value = 0.0242, permutation p value = 0.0012).
Stable and Unstable mRNAs Demonstrate Different
Optimal Codon Content
As shown above, computational analysis of our global mRNA
stability data revealed a relationship between codon occurrence
and mRNA half-life. These data indicate that either particular co-
dons alter stability or overall codon content within an mRNA
works collectively on stability. To evaluate the relationship
between optimal codon content and decay rate on the level of
individual transcripts, codon usage was mapped across all indi-
vidual transcripts (Figure S2). Cluster analysis revealed that
different mRNAs are biased toward using different types of co-
dons. The overall result is not surprising, as codon bias has
been well studied (Gustafsson et al., 2004); however, the pattern
of codon usage demonstrates that certain classes of mRNAs
predominately use either optimal or non-optimal codons (Figures
3A and 3B; overrepresented codons in yellow, underrepresented
codons in blue) and that this usage correlates with the overall
transcript stability (Figure 3C). Closer inspection of several stable
mRNAs revealed that these transcripts were not enriched in any
particular codon, but an overwhelming proportion (> 80%) of co-
dons fell into the category of optimal (Figure 3D). By contrast, in-
dividual unstable mRNAs were found to be enriched (60% or
greater) in non-optimal codons (Figure 3E). These analyses
demonstrate that, in this set of mRNAs, the stable mRNAs are
biased toward harboring predominately optimal codons and
the unstable mRNAs are enriched in non-optimal codons,Cell 160, 1111–1124, March 12, 2015 ª2015 Elsevier Inc. 1113
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though the specific codon identities vary between individual
transcripts.
Extending this analysis to the level of the whole transcriptome,
a correlation between optimal codon content andmRNA stability
was observed when the proportion of optimal codons within an
mRNA was evaluated by percentiles. Specifically, mRNAs with
less than 40% optimal codons were typically found to be unsta-
ble, with a median half-life of 5.4 min. In contrast, mRNAs with
70% optimal codon content or greater were found to be stable,
with a median half-life of 17.8 min (Figure 3F).
Optimal Codon Content Directly Influences mRNA
Decay Rate
To experimentally validate the relationship observed in the
computational analysis, we evaluated the effects on stability of
altering the percentage of optimal codons within an mRNA. We
modified the codon content of the unstable LSM8 mRNA (half-
life = 4.65 min) by making synonymous optimal substitutions in
52 of its 60 non-optimal codons. Similarly, we replaced the ma-
jority of optimal codons (108 of 113) within the coding region of
the stable RPS20 mRNA (half-life = 25.3 min) with synonymous,
non-optimal codons. This methodology ensured that the poly-
peptides encoded by these sequences were unchanged from
the native form. Moreover, the substitutions were selected to
avoid significantly altering the GC content of the coding region
or introducing any predicted RNA secondary structure (data
not shown). Northern blot analysis of these mRNAs after tran-
scriptional inhibition revealed that alteration of the codons within
these two transcripts resulted in dramatic changes in their
stability. Specifically, the half-life of LSM8mRNA was increased
greater than 7-fold as a consequence of the conversion of non-
optimal codons into synonymous optimal codons in its ORF
(half-life = 18.7 min; Figure 4A). In contrast, substitution of non-
optimal for optimal codons within the stable RPS20 mRNA re-
sulted in a sharp (10-fold) reduction in its stability (half-life =
2.5 min; Figure 4B). These data demonstrate that identity of
codons within an mRNA can strongly influence stability and
that optimal codon content contributes significantly to deter-
mining the rate of mRNA decay in vivo.
To further examine the relationship between optimal codon
content and mRNA stability, we generated two synthetic ORFs
that encode identical 59 amino acid polypeptides but differ in
the optimality at each codon (SYN reporters; Figures S3A–Figure 2. Codon Composition Correlates with Stability
(A) The CSC plotted for each codon as calculated from the total RNA data set. Th
and the half-lives of mRNA. Overall p value is 6.3932e16, and permutation p va
(B) tRNA adaptive index values for each codon plotted in the same order as (A).
using green for optimal codons and red for non-optimal codons. Codons designate
criteria discussed therein.
(C) The CSCplotted for each codon as in (A), but optimality information presented
represents non-optimal codons.
(D) tRNA adaptive index values plotted versus CSC when ORFs are considered in
(R = 0.7255, p value = 2.075e09, and permutation p value < 104).
(E) tRNA adaptive index values plotted versus CSC when ORFs are frameshifte
optimal codons.
(F) tRNA adaptive index values plotted versus CSC when ORFs are frameshifted
optimal codons.
See also Figure S1.S3C). We introduced the synthetic ORFs into a reporter bearing
the 50 and 30 UTRs ofMFA2, a well-studied mRNA that is rapidly
degraded in the cell (half-life = 3.0 min), a phenomenon shown to
be mediated, in part, by elements encoded within its 30 UTR
(LaGrandeur and Parker, 1999; Muhlrad and Parker, 1992). We
also introduced the synthetic ORFs into a reporter with the 50
and 30 UTRs of PGK1, a well-characterized and stable mRNA
(half-life = 25 min; Muhlrad et al., 1995). When stability of the
four reporter mRNAs was measured by transcriptional shut-off
analysis, the transcripts encoding the optimal SYN ORF were
found to be significantly more stable (4-fold) than their counter-
parts bearing the non-optimal codons (Figure 4C). Importantly,
degradation of both the optimally and non-optimally encoded
SYN reporter mRNAs was determined to occur through the
deadenylation-dependent decapping pathway used to degrade
the majority of endogenous mRNAs in yeast and was not medi-
ated by any of the three pathways known to target aberrant
mRNA (Figures S3G and S3H). High-resolution northern analysis
of the decay of these mRNAs confirmed that the rates of both
deadenylation and decapping, the regulated steps in the normal
decay pathway, were affected as a consequence of changes
in codon composition within the reporter ORFs (Figures S3D–
S3F). These data demonstrate that optimal codon content is a
critical determinant of mRNA stability, influencing both the rate
of deadenylation and decapping during turnover of the mRNA
independently of 50 and 30 UTRs, which can act in parallel to
stabilize or destabilize the mRNA.
Optimal Codon Content Influences Translational
Efficiency
To evaluate the influence of codon optimality on mRNA transla-
tion efficiency in vivo, we generated three new reporters that
differ in optimal codon content but do not differ in amino acid
sequence. Specifically, we engineered the ORF of the HIS3
gene to contain either all optimal (HIS3 opt) or all non-optimal co-
dons (HIS3 non-opt), with the wild-type HIS3 gene providing an
intermediate point at 43% optimal codons (Figure 5A). The HIS3
gene was chosen because it has a relatively long ORF (220
amino acids) compared to our other synonymous mutation con-
structs, allowing us to effectively monitor ribosome association
by sucrose density gradients (see below). We then determined
the mRNA decay rate of the three HIS3 constructs by transcrip-
tional shutoff analysis using an rpb1-1 strain. Consistent with oure CSC is the R value of the correlation between the occurrences of that codon
lue is < 104.
Codon optimality as defined in Pechmann and Frydman (2013) is color coded,
d with an asterisk (*) were called optimal or non-optimal according to additional
in (B) is added by color-coding. Green color represents optimal codons, and red
frame. Green indicates optimal codons, and red indicates non-optimal codons
d by one nucleotide. Green indicates optimal codons, and red indicates non-
by two nucleotides. Green indicates optimal codons, and red indicates non-
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previous results, it was observed that changing optimal codon
content produced a dramatic effect on mRNA half-life (Fig-
ure 5B). Notably, the effect on HIS3 mRNA decay matched the
percent of optimal codons used. The half-life of the optimal
construct (half-life > 60 min) was much greater that of the WT
construct (half-life = 9.5 min) whose half-life was markedly
greater than the non-optimal construct (half-life = 2.0 min).
Thus, we can achieve a full range of mRNA half-lives in yeast
without altering protein sequence or flanking sequences by
changing optimal codon content.
We hypothesized that codon optimality should influence trans-
lation elongation. We tested this hypothesis using two ap-
proaches. First, we monitored the protein output from the HIS3
optimal construct versus the HIS3 non-optimal construct by
western blot and then normalized the protein expression to the
mRNA levels, as determined by northern blot. We observed
that the non-optimal construct had 4-fold less protein output
than the optimal construct (Figure 5C). Second, we evaluated
the ribosome density on the HIS3 mRNA constructs. Ribosome
density was monitored using sucrose gradients, followed by
fractionation and northern blotting of the isolated fractions
(Hu et al., 2009). Critically, it was observed that the ribosome
occupancy was nearly identical for all three HIS3 reporter
mRNAs (Figure 5D). Thus, we propose that a 4-fold decrease
in protein output, in conjunction with nearly identical localization
within a polyribosome, suggests a decrease in ribosome translo-
cation rate on the non-optimal construct as compared to the
optimal.
Optimal Codon Content Impacts Ribosome
Translocation
To directly determine whether ribosomes translocate slower on
mRNAs containing non-optimal codons versus optimal codons,
we monitored ribosomal run-off of these two reporters. To do
this, we blocked translational initiation by depriving cells of
glucose for 10 min. Glucose deprivation results in rapid inhibition
of translational initiation, and thus, bulk polyribosomes are lost
by run-off (Coller and Parker, 2005; Figure 6A versus 6C). To
monitor ribosomal run-off, we extracted mRNA-ribosome com-
plexes before and after glucose deprivation, separated the ma-
terial with a sucrose gradient, collected fractions, and monitored
the presence of the HIS3 mRNAs in each fraction by northern
analysis. Importantly, under normal conditions, the ribosome oc-
cupancy of theHIS3 opt and non-opt constructs was determined
to be similar (Figure 6B); however, upon induction of ribosomal
run-off, a large fraction of the optimal construct mRNA relocatedFigure 3. Multiple Codons Are Enriched in Stable and Unstable mRNA
(A) Heat map of a class of relatively stable mRNAs with similar codon usage. Each
mRNA. Yellow indicates above average usage of that codon, and blue represen
(B) As in (A), but showing a relatively unstable class of mRNAs.
(C) Dot plot showing the distribution of half-lives in the mRNA classes shown in
(D) Codon optimality diagrams in selected stable mRNAs. Genes are broken down
rather than in their natural order. Higher bars represent more optimal codons (C
codons.
(E) Codon optimality diagrams in selected unstable mRNAs, as in (D).
(F) Box plot of mRNA half-lives separated into optimality groups. Half of the data f
Data points falling further than 1.5-fold the interquartile distance are considered
See also Figure S2.to the top of the gradient in the ribosome-free area, whereas
the HIS3 non-opt mRNA remained largely associated with
polyribosomes (Figure 6D). We extended this analysis to two
endogenous transcripts that differ dramatically in codon opti-
mality, LSM8 (45% optimal codons) and RSP20 (92% optimal
codons). Notably, the endogenous LSM8 mRNA was retained
on polyribosomes following inhibition of translational initiation,
whereas the RPS20 mRNA dissociated efficiently. We propose
that the difference in retention is due to more efficient ribosome
translocation on messages with high optimal codon content.
Thus, the retention of the mRNAs bearing predominantly
non-optimal codons in polyribosomal fractions indicates that
codon optimality can impact the rate of ribosome translocation
directly.
Precision in Gene Expression Is Achieved through
Coordination of Optimal Codon Content
A previous analysis of mRNA stability in yeast revealed that the
decay rates of some mRNAs encoding proteins that function in
the same pathway or are part of the same complex were similar.
Turnover of individual mRNAs appears to be based on the phys-
iological function and cellular requirement of the proteins they
encode (Wang et al., 2002). We hypothesized that modulation
of optimal codon content may provide the mechanism for the
cell to coordinate the metabolism of transcripts expressing pro-
teins of common function. We assessed codon usage for genes
whose protein products function in common pathways and/or
complexes. We observed that mRNAs encoding the enzymes
involved in glycolysis (n = 10) had a similar and extraordinarily
high proportion of optimal codons (mean = 86%; Figure 7A).
These transcripts were determined to be stable both previously
and in our genome-wide analysis (median half-life = 43.4 min;
Wang et al., 2002). In contrast, mRNAs encoding polypeptides
involved in pheromone response in yeast cells (n = 14) were all
unstable (median half-life = 5.6 min; Wang et al., 2002) and
harbored an average of only 43% optimal codons (Figure 7A).
Our analysis revealed that other groups of transcripts behave
similarly. The stable large and small cytosolic ribosomal subunit
protein mRNAs (n = 70 and 54, respectively; median half-life =
18.9 min and 20.2 min, respectively) demonstrated an average
optimal codon content of 89% and 88%, respectively, but
mRNAs that encode ribosomal proteins functioning in the mito-
chondria are unstable (n = 42; median half-life = 4.8 min), which
is consistent with the observation that they have 45% optimal
codon content (Figures 7A and 7B). Other families of genes
that have similar decay rates include those whose proteinClasses
column represents the usage of a single codon, with each row representing one
ts below average usage. See Figure S2 for full heat map.
(A) and (B).
and plotted as individual codons. Codons are presented in order of optimality
SC on y axis). Green indicates optimal codons, and red indicates non-optimal
all within the boxed section, with the whiskers representing the rest of the data.
outliers.
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Figure 4. Stability of mRNAs Can Be Controlled by Altering Codon Optimality
(A) Codon optimality diagram of LSM8 (as Figure 3E), a naturally non-optimal mRNA is shown. LSM8 opt is a synonymously substituted version of LSM8 en-
gineered for higher optimality. Northern blots of rpb1-1 shut-off experiments are shown on the right with half-lives of both reporters. Quantitation is normalized to
SCR1 loading controls not shown.
(B) As in (A), except a naturally optimal mRNA,RPS20 (as in Figure 3D), has been engineered for lower optimality asRPS20 non-opt. Northern blots of rpb1-1 shut-
off experiments are shown on the right with half-lives of both messages. Quantitation is normalized to SCR1 loading controls not shown.
(C) Codon optimality diagrams showing a synthetic mRNA (SYN) encoding the polypeptide shown. Peptide is artificially engineered and has no similarity to any
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See also Figure S3.products are involved in ribosomal processing, tRNA modifica-
tion, the TCA cycle, RNA processing, and components of the
translational machinery (Figure 7 and data not shown). These1118 Cell 160, 1111–1124, March 12, 2015 ª2015 Elsevier Inc.data provide evidence that transcripts expressing proteins of
related function are coordinated at the level of optimal codon
content as well as decay rate, suggesting that these genes
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Figure 5. Optimality Can Affect Translation and Stability of an mRNA without Changes in Ribosome Association
(A) Codon optimality diagram of HIS3, a transcript with an intermediate half-life, as well as versions engineered with synonymous substitutions to contain higher
and lower percent optimal codons, HIS3 opt and HIS3 non-opt, respectively.
(B) Northern blots of rpb1-1 shut-off experiments are shownwith half-lives of all threemessages. Quantitation is normalized to SCR1; loading controls not shown.
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processed to remove irrelevant lanes from single gel image.
(D) A trace of sucrose density gradient analysis, along with northern blot analysis of the gradient fractions. The blots show location of the three HIS3 reporters
within the gradient. Quantitation for each fraction is shown below.
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may have evolved specific codon contents as a mechanism to
facilitate precise synchronization of expression based on their
function in the cell.
DISCUSSION
Wehave provided several lines of evidence indicating that codon
optimality is a major determinant of mRNA stability in budding
yeast. First, bioinformatic analysis demonstrates a strong corre-
lation between the percentage of optimal codons and mRNA
half-life. For example, mRNAs with less than 40% optimal co-
dons have a median half-life of 5.3 min, whereas mRNAs with
greater than 70% optimal codons have a median half-life of
20.1 min. The conclusions emerging from the bioinformatics
were verified experimentally, showing that changing optimal co-
dons to non-optimal destabilized otherwise stable mRNAs while
changing non-optimal codons to optimal stabilized otherwise
unstable mRNAs. Most importantly, we provide evidence that
optimal and non-optimal codons exert their effects by modu-
lating translational elongation rates.
Several ribosomal profiling studies have failed to detect
codon-specific differences in the translation of optimal and
non-optimal codons (Ingolia et al., 2009; Qian et al., 2012; Char-
neski and Hurst, 2013). Nevertheless, we observe striking differ-
ences in ribosome clearance when mRNAs encoding the same
polypeptide are composed of optimal or non-optimal codons.
These differences may reflect the additive effects of many small
ribosome hesitations at non-optimal codons. Such hesitations
would be imperceptible in ribosomal profiling analyses. Alterna-
tively, the overall codon composition of an ORF could set a uni-
form translational elongation rate across the ORF. If this were
true, no change in rate at individual codons would be detected
by ribosome profiling.
It is important to note that, although codon content is clearly a
major determinant of mRNA stability, it does not predict half-
lives of all mRNAs. For example, mRNAs for several histone
components, such as HHF2 and HHT1, contain 85% optimal co-
dons but yet are very unstable with half-lives of 2.4 and 3.5 min,
respectively. The half-lives of such mRNAs could be dictated by
their ability to initiate translation efficiently (or inefficiently) and/or
by elements in 50 or 30 UTRs. Numerous examples of each have
been described (Goldstrohm et al., 2007; Olivas and Parker,
2000). It is also possible that features within the ORFs might
explain some of the outliers (e.g., distribution of optimal and
non-optimal codons).
Because of the effects of optimal codon content on transla-
tional elongation rates, it is most likely that some factors(s)
monitor these rates while mRNAs are engaged with ribosomes.
Indeed, we have previously shown that slowing of ribosomal
movement by insertion of rare codons promotes mRNA decay
(Hu et al., 2009; Sweet et al., 2012). A prime candidate for amoni-Figure 6. Optimal and Non-optimal Transcripts Are Retained Different
(A) Representative A260 trace of sucrose density gradient analysis demonstrating
(B) Distribution of the optimal and non-optimal HIS3 reporters and the RPS20
showing localization primarily in the polyribosome fractions.
(C) Representative A260 trace of sucrose density gradient analysis under run-off
(D) Distribution of the optimal and non-optimal HIS3 reporters and the RPS20 andtoring factor is the DEAD-box RNA helicase DHH1, an integral
component of the mRNA decaymachinery (Presnyak and Coller,
2013) that has been shown to act as an activator of decapping
through its role in promoting translational repression (Coller
and Parker, 2005; Sweet et al., 2012). Further studies will be
needed to determine themechanism bywhich translational elon-
gation rate influences mRNA decay.
Precision and Coordination of Gene Expression through
Codon Optimality
Both long and short timescales provide important opportunities
for the reassignment of codon optimality in the cell. In the short
term, changes in cellular growth conditions and nutrient avail-
ability could significantly impact individual (or subsets of)
charged tRNA levels. As a consequence of this reduction in sup-
ply, translational elongation rates of mRNAs enriched in the co-
dons decoded by these tRNAs would be slowed and their levels
decreased, due to enhanced turnover. In this way, codon opti-
mality provides the cell not only with a general mechanism to
hone mRNA levels but also with a mechanism to sense environ-
mental conditions and rapidly tailor global patterns of gene
expression.
Long-term genetic changes can introduce synonymous muta-
tions into protein coding genes that do not alter the amino acid
sequence of the encoded polypeptide; however, such changes
would impact mRNA and protein expression levels if the muta-
tions significantly altered the proportion of optimal codons within
the ORF of the mRNA. Thus, synonymous gene mutation can be
envisioned as a method to evolve mRNA stability rates that are
advantageous to the cell. We find that mRNAs encoding proteins
that act together in similar pathways or are part of the same
stoichiometric complexes, and which have been previously
observed to decay at similar rates (Wang et al., 2002), encode
nearly identical proportions of optimal codons (Figure 7A). We
suggest that codon optimality has been finely tuned for these
gene sets as an elegant mechanism to ensure coordinated
post-transcriptional regulation and parsimonious expression of
proteins at the precise levels required by the cell. Interestingly,
similar levels of optimal to non-optimal codons could ensure
not only similarity of stability and translation rates for related
mRNAs but also coordination of response to changes in tRNA
levels (e.g., nutrient availability, stress, cell type, etc.). Recent
studies reveal that tRNA concentrations within the cell are not
static but are constantly undergoing change, sometimes
dramatically. For instance, large-scale RNA profiling experi-
ments have demonstrated that tRNA concentrations vary widely
between proliferating and differentiating cells (Gingold et al.,
2014). Based on our analysis, we would argue that significant
alterations in tRNA concentrations could alter the mRNA expres-
sion profile within a cell by dynamically changingmRNA stability,
even without any changes in transcription.ly on Polysomes
normal distribution into RNP, 80S, and polyribosome fractions.
and LSM8 mRNAs in the sucrose density gradients under normal conditions
conditions, showing collapse of the polyribosome fractions.
LSM8mRNAs under run-off conditions, demonstrating differential relocation.
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Figure 7. Functionally Related Genes Display Similar Optimality
(A) Groups of genes whose protein products have related functions are plotted
to show their optimality. Half of the data fall within the boxed section, with the
whiskers representing the rest of the data. Data points falling further than 1.5-
fold the interquartile distance are considered outliers. Represented gene
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(B) Breakdown of two groups to show relationship between optimal codon
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optimal codon content of that mRNA.RibosomesAretheMasterGatekeepers,Determiningthe
Downstream Fate of Both Normal and Aberrant mRNAs
As a final implication, our work suggests that co-translational
mRNA surveillance by the ribosome is not only important to1122 Cell 160, 1111–1124, March 12, 2015 ª2015 Elsevier Inc.target aberrant mRNAs to rapid decay but also to tune the degra-
dation rates of normal mRNAs. In eukaryotes, aberrations in
mRNAs lead to aberrant translation events such as premature
termination, lack of translation termination, and ribosome stall-
ing, which result in the accelerated turnover of the mRNA by
the Nonsense-Mediated, Non-Stop, and No-Go Decay path-
ways, respectively (Shoemaker and Green, 2012). We find here
that codon usage within normal mRNAs also influences trans-
lating ribosomes and can have profound effects on mRNA
stability. Thus, the ribosome acts as the master sensor, helping
to determine the fate of all mRNAs, both normal and aberrant,
through modulation of its elongation and/or termination pro-
cesses. The use of the ribosome as a sensor is ideal for pro-
tein-coding genes, whose primary function in the cell is to be
translated. We suggest that a component of mRNA stability is
built into all mRNAs as a function of codon composition. The
elongation rate of translating ribosomes is communicated to
the general decay machinery, which affects the rate of deadeny-
lation and decapping. Individually, the identity of codons within
an mRNA would be predicted to have a minute influence on
overall ribosomal decoding; however, within the framework of
an entire mRNA, we show that codon optimality can have pro-
found effects on translation elongation and mRNA turnover.
We therefore conclude that codon identity represents a general
property of mRNAs and is a critical determinant of their stability.
EXPERIMENTAL PROCEDURES
Yeast Strains and Growth Conditions
Thegenotypesof all yeast strains used in this study are listed in TableS2.Unless
indicated, all strains are based on BY4741. Cells were grown in standard syn-
theticmedium (pH 6.5) supplementedwith appropriate amino acids and sugars.
All cells were grown at 24C and collected atmid-log phase (33 107 cellsml1).
Plasmids and Strain Construction
The plasmids and oligonucleotides used in this study are listed in Tables S3
and S4, respectively. Reporter plasmids bearing native genes (LSM8,
RPS20, HIS3 WT) were constructed by amplifying the native loci, adding re-
striction sites and several unique sites (to facilitate detection by northern
probe) in the 30 UTR by site-directed mutagenesis, and inserting the construct
into an expression vector. The reporters with altered optimality (LSM8 opt,
RPS20 non-opt, HIS3 opt, and non-opt) were constructed by synthesizing
the DNA in multiple pieces, annealing and amplifying them, and then subclon-
ing into an expression vector. These reporter plasmids were transformed into
an rpb1-1 yeast strain.
To construct the plasmids bearing the synthetic reporters, restriction sites
were introduced into previously constructed plasmids bearing MFA2 and
PGK1 under the control of a GAL1 UAS. The SYNORFs were then synthesized
and assembled as described for the altered reporters above. These reporters
were transformed into a WT yeast strain.
Northern RNA Analysis and Sucrose Density Gradients
Northern RNA analysis of GAL-driven reporters and sucrose density gradients
for polyribosome analysis were performed as previously described (Hu et al.,
2009). Analysis of reporters in rpb1-1 was performed similarly to GAL, except
cells were grown in media containing glucose and repression was achieved by
shifting cells to 37C. Ribosomal run-off experiments were performed similarly
to normal polyribosome analysis, except cells were resuspended in media
lacking glucose for 10 min before harvesting (Coller and Parker, 2005).
RNA-Seq
rpb1-1 mutant cells (Nonet et al., 1987) were grown to mid-log phase at 24C
and shifted to a non-permissive temperature of 37C. Aliquots were collected
over 60 min. RNA was then extracted, external controls were added, and two
sets of libraries were prepared from each using the Illumina TruSeq Stranded
Total RNA and mRNA library prep kits. The libraries were quantitated using an
Agilent Bioanalyzer and sequenced on an Illumina HiSeq2000 using paired-
end 100 bp reads with an index read. Sequencing data and the processed
data for each gene are available at the Gene Expression Omnibus (http://
www.ncbi.nlm.nih.gov/geo) under accession number GSE57385.
Alignment and Half-Life Calculation
Reads were aligned to the S. cerevisiae reference genome using bowtie (Lang-
mead et al., 2009), with the unaligned reads then aligned to the sequences of
the controls in the same way. Aligned reads were quantitated using cufflinks
(Trapnell et al., 2010). Raw FPKM numbers were normalized to external con-
trols and then fitted to single exponential decay curves to calculate the half-
lives using the least absolute deviation method to minimize outlier effects.
Data were then filtered to exclude dubious ORFs and transcripts with poor
fit to the model. Bootstrapped confidence intervals were generated by using
un-normalized residuals from the original data to generate simulated data sets.
Statistical Methods
The CSC was determined by calculating a Pearson correlation coefficient
between the frequency of occurrence of individual codons and the half-lives of
themessagescontaining them.Todetermine thestatistical significance,wecate-
gorized the CSC as either positive or negative and used a chi-square test of as-
sociation.For associationbetween thecategoriesof percentoptimal codonsand
mRNA half-life, an ANOVA f-test with mRNA half-life on the log scale was used.
To mitigate effects of base pair content of the genes, we randomly permuted
the sequenceand recalculated the test statistic for eachof 10,000permutations.
The permutation p value was calculated as the number of permuted data sets
with a test of association stronger than the chi-square test in the original data.
Statistical calculations were done using the R environment. Optimality
percentages were calculated by generating a list of optimal and non-optimal
codons as previously described (Pechmann and Frydman, 2013).
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